Abstract-Thai is a monosyllabic, tonal language that makes use of tone to convey lexical information about the meaning of a syllable. Thai has five distinctive tones, and each tone is well represented by a single FO contour pattem. In general, a Thai syllable with a different tone has a different lexical meaning. Thus, to completely reeognize a spoken Thai syllable, a speech recognition system has to not only recognize a base syllable but also to correctly identify a tone. Hence, tone classification of Thai speech is an essential part of a Thai speech recognition system. In this study, a tone classification of syllable-segmented Thai speech, which incorporates the effects of tonal coarticulation, stress rmd intonation, was developed Automatic syllable segmentation, which performs segmentation on the training and test utterances into syllable units, was also developed. The acoustical features, including fundamental frequency (FO), duration, and energy extracted from the processing syllable and neighboring syllables, were used as the main discriminating features.. A multilayer perceptron (MLP) trained by a backpropagation method was employed to classify these features. The proposed system was evaluated on 920 test utterances spoken by five male and three female native Thai speakers who also uttered the training speech.
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The proposed system achieved an average accuracy rate of 91 
ANALYSIS OF THAI TONES
The input speech of both training and test sets was uttered by five male and three female speakers. All speakers are Thai natives and had a standard Thai dialect. Speakers range between 20 and 40 years of age. The input speech of each speaker was recorded in a quiet environment with all speakers uttering two training sets and one test set. To complete a training set, each speaker uttered 100 sentences, each of which consisted of four monosyllabic words. The sentence structure of each training sentence was "subject + verb + object + post-verb auxiliary." The first and last wnd of each sentence vaned across all five tones while the middle two words were varied to give all 25 two-tone combinations. The stress pattem of the two middle words was vaned to cover all possible stress patterns: unstressed-unstressed, unstressed-stressed, stressed-unstressed, and stressed-stressed. For a test set, each speaker uttered 115 sentences having the same smcture as the training sets. The two middle words of the test sentences contained all possible stress patterns as 0-7803-7697-8/03/$17.00 0 2003 lEEE described in the training sets. Although speakers were asked to utter the two middle words of the sentences with the stress pattems described above, in actuality, some speakers spoke all four stressed monosyllabic words for stressed-smssed pattern, and some speakers uttered all four unstressed monosyllabic words for unstressed-unstressed pattern.
The statistical data analysis of the acoustical features, including duration, energy, and fundamental frequency (FO) of stressed and unstressed syllables are computed from the training sets uttered by all speakers. It was found that duration and normalized energy are the effective features for distinguishing between the stressed and unstressed syllables, while the mean normalized FO did not signal the stress function of the syllables. Intonation affects the tone pattems by making them decline gradually. Within each tone, the mean FO of the preceding syllable is higher than the succeeding syllable, and the mean FO is lowest at the ending syllable of the sentence. This datum suggests that the mean FO can he used to deal with the intonation effect. The tone pattem of a syllable is also affected by tone pattems of the neighboring syllables due to the anticipatory and cmyover coarticulation. It is evident that FO contours of both slressed and unstressed syllables are subject to modification by the preceding and succeeding syllables.
THAI TONE CLASSIFICATION SYSTEM
A block diagram of the proposed system tased is depicted in Figure 1 . The proposed system consisted of four modules: preprocessing, syllable segmentation, feature extraction, imd tone classifier. In the preprocessing module, shown in Figure 2 , a speech signal was first low-pass filtered and then blocked into frames. The pitch detection and energy computation were performed.
The output of the preprocessing module was identified as the modified energy contour, which was next presented to a syllable segmentation module (Figure 3 ). The syllable segmentation module located the endpoints of the spoken syllables by utilizing the relationships between the peaks and valleys in the modified Figure 4 shows an example of syllable segmentation process. The duration, energy, and F O were extracted from the segmented syllables by the feahue extraction module. In this module, the acoustical features, including FO, energy, and duration, were exnacted accordiog to each starting and ending pair obtained from the syllable segmentation module. The feature extraction module consisted of two sub modules: data normalization and stress detector. Data normalization was employed to eliminate time and speaker variations, whereas duration and energy w m passed to the stress detector to determine the degree of stress of each segmented syllable. Figure 5 shows an example of the normalized FO contour for each syllable. The top panel is the FO contour of a "low-high-low-falling" tone sequence. Panels two through five show the normalized FO contour (zscore) of the first, second, third, and fourth syllable, respectively. The stress detector was implemented by using a fuzzy inference system (FfS). The FIS paformed a nonlinear mapping from its input space to output space. This mapping was accomplished by a number of fuzzy if-then d e s , each of which described the local behavior of the mapping as depiaed in Figure 6 . Finally, the normalized FO, FO variation, mean FO, a degree of stress, and syllable ordering number of the processing and neighboring syllables were presented to a tone classifier, which was a multilayer perceptron (MLP) trained by a backpropagation method. The smcture of the tone classifier consisted of one input layer, one bidden layer and one output layer as shown in Figure 7 . The output layer M five nodes in which each output ncde represented a particular Thai tone. The hidden layer contained 65 nodes whereas the input layer consisted of 48 nodes in which each input ncde represented an element of the extracted features as follows. It should he noted that all 15 elements (nodes) of the preceding syllable were set to -1 when the syllable in process was the first syllable of the sentence. In the same manner, all nodes of the succeeding syllable were set to -1 when the syllable in process was the last syllable of the sentence. 
Syllable Segmentation
As mentioned earlier, automatic syllable segmentation was developed in this study due to the unavailability of syllable segmentation of Thai speech. The syllable segmentation method used the modified energy contour and the relationships between the energy of the peaks and valleys to locate the starting and ending points of the syllables. Syllable segmentation was performed on two training sets and one test set; there were a total of 315 sentences per speaker. The results of this automatic syllable segmentation are shown in Table 1 . Although syllable segmentation worked very well for most cases, there were some cases in which the syllable segmentation algorithm incorrectly located the endpoints of the syllables. An example of this case can be seen in Figure  8 where the algorithm over-segmented the second syllable of the sentence. In this scenario, the speaker stressed the second syllable too much and pronounced it as if there were two
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Figure 8. The syllable segmentation over-segmented the second syllable of the sentence. syllables instead of one syllable. The result of this exaggeration was that there were two energy peaks for the second syllable (as shown in the second panel of Figure 8) , which made the syllable segmentation algorithm oversegment the second syllable (as shown in the bottom panel).
Stress Detection
Each speaker was asked to speak the two middle words of a sentence with stressed-stressed, stressed-unstressed, unstressed-stressed, and unstressed-unstressed patterns for each training and test set. The energy and duration were employed as the parameters by the stress detector to determine the degree of stress of the syllables. The performance of the stress detector was evaluated on two training sets and one test set for each speaker. The results of the stress detector a~ shown in Table 2 . It should be noted that the results shown in Table 2 were obtained from the comparison between the degree of stress of a syllable as determined by the stress detector and the stress pattern of the syllable as uttered by each speaker. 
I
As seen in Table 2 , the stress detector performed vety well for both stressed and unstressed syllables. The stress detector correctly identified the unstressed syllables with the average accuracy rate of 98.21% and correctly identified the stressed syllables with the average accuracy rate of 98.13%. For unstressed syllables, the stress detector achieved the highest accuracy rate of 99.33% for SPK4, while the lowest accuracy rate of 96.33% was obtained from SPK3. For stressed syllables, the stress detector achieved the highest accuracy rate of 99.0% for SPK5 while the lowest accuracy rate of 97.0% was obtained from SPK3. From the high accwacy rates achieved by the stress detector, it was proved that the duration and energy of syllables employed by the stress detector were the effective parameters for discriminating between stressed and unstressed syllables. The source of errors mainly came from the way each speaker uttered the syllables. For example, speakers sometimes did not speak the stressed pattern like they were supposed to: as in speakers intended to speak stressed syllables but spoke unstressed syllables instead, and vice versa. Another source of error might have come from the result of incorrect syllable segmentation; for example, one stressed syllable was segmented into two unstressed syllables.
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Tone Classifcation
For each speaker, the performance of the tone classifier was evaluated on 115 test sentences. Table 3 shows the experimental results of a proposed tone classification system for each speaker. As seen in Table 3 , SPK4 had the highest accuracy rate of 93.04%, whereas the lowest accuracy rate of 90.0% was obtained from SPK3. The average accuracy rate of 91.36% was achieved by the proposed tone classifcation system. There were no significant differences in accuracy rates between male (SPK1. SPK2, SPK3, SPK4, SPK5) and female (SPK6, SPK7, SPK8) speakers. It is noted that all speakers achieved the highest accuracy rates from the falling tone. The reason that the highest accuracy rates were obtained from the falling tone for all speakers might have resulted from a clearly distinctive characteristic of a falling tone that made it easier for the tone classifier to discriminate between the falling tone and other tones.
Comparisons of the average accuracy rates of each tone are displayed in Figure 9 . Figure 9 Comparison of average accuracy rates for each tone
V. CONCLUSION
A tone classification system of syllable-segmented Thai speech based on a multilayer perceptron was developed. Two contributions to the research on Thai speech recognition are introduced: 1) automatic syllable segmentation, and 2) a proposed tone classification system that took the effects of tonal coarticulation, intonation, as well as stressed awl unstressed syllables into consideration. 
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